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Abstract

Diffusion models have achieved remarkable success in se-
quential decision-making by leveraging the highly expres-
sive model capabilities in policy learning. A central problem
for learning diffusion policies is to align the policy output
with human intents in various tasks. To achieve this, pre-
vious methods conduct return-conditioned policy generation
or Reinforcement Learning (RL)-based policy optimization,
while they both rely on pre-defined reward functions. In this
work, we propose a novel framework, Forward KL regular-
ized Preference optimization for aligning Diffusion policies,
to align the diffusion policy with preferences directly. We
first train a diffusion policy from the offline dataset with-
out considering the preference, and then align the policy to
the preference data via direct preference optimization. During
the alignment phase, we formulate direct preference learning
in a diffusion policy, where the forward KL regularization is
employed in preference optimization to avoid generating out-
of-distribution actions. We conduct extensive experiments for
MetaWorld manipulation and D4RL tasks. The results show
our method exhibits superior alignment with preferences and
outperforms previous state-of-the-art algorithms.

Introduction
In solving sequential decision-making problems, Reinforce-
ment Learning (RL) algorithms typically adopt Gaussian
or deterministic policy classes in policy optimization. Al-
though such a policy class has successfully solved vari-
ous challenging tasks (Fujimoto, Meger, and Precup 2019;
Lange, Gabel, and Riedmiller 2012), it can be limited in
learning multi-modal policies and lead to sub-optimal be-
haviors in complex environments (Janner et al. 2022). Re-
cently, diffusion models (Ho, Jain, and Abbeel 2020; He
et al. 2024) demonstrated superior performance compared to
previous policy classes, especially for offline RL where the
dataset is collected by a mixture of policies (Fu et al. 2020;
Qin et al. 2022; Yuan et al. 2024a; Fan et al. 2024), or the
embodied manipulation tasks where the policy should imi-
tate diverse human behaviors (Chi et al. 2023; Pearce et al.
2023). Leveraging the highly expressive model capabilities,
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the diffusion policy exhibits strong capabilities in modeling
complex behaviors.

A central problem in learning a diffusion policy is align-
ing the policy output with human intents (Shin, Dragan, and
Brown 2023; Yuan et al. 2024b; Yu et al. 2024). Existing
methods can be roughly divided into three categories. (i)
Several methods collect expert trajectories and directly learn
a diffusion policy from the expert dataset (Reuss et al. 2023;
Ze et al. 2024), while they usually require a large number
of expert trajectories to model human behaviors. To ensure
the diffusion policy generates actions with desired proper-
ties, (ii) several methods adopt conditional generation by
employing the cumulative return as the condition in mod-
eling the trajectory (Yuan et al. 2023; Ajay et al. 2023), and
actions with high returns can be generated via guided sam-
pling (Ho and Salimans 2021; Nichol and Dhariwal 2021).
(iii) Other works consider diffusion policy as an actor in an
RL framework and perform policy improvement by maxi-
mizing cumulative rewards. Then actions can be sampled
with high Q-values (Wang, Hunt, and Zhou 2023; Kang
et al. 2023). Although the latter two methods can learn poli-
cies from an arbitrary dataset, they rely on manually defined
reward functions for each task, which can be difficult to ob-
tain in embodied tasks (Dong et al. 2024; Gu et al. 2023).
Motivated by recent advances in Reinforcement Learning
from Human Feedback (RLHF) (Ouyang et al. 2022; Bai
et al. 2022) that align human preference with Large Lan-
guage Models (LLMs) (OpenAI 2023; Touvron et al. 2023),
we wonder whether the diffusion policy can be aligned with
human intent directly from a collection of preference data,
which removes the potentially incorrect assumption that the
reward function alone drives human preferences (Knox et al.
2024; Lambert et al. 2024) and aims to guide the diffusion
policy from preferences directly.

In this work, we propose a novel framework, named For-
ward KL regularized Preference optimization for aligning
Diffusion policies (FKPD), to align the diffusion policy with
preferences. To achieve this, FKPD learns a basic diffu-
sion policy from the offline dataset, then aligns the policy
to preferences via policy optimization with a forward KL
regularization with respect to the offline dataset. In the first
stage, the basic policy recovers the complex action distri-
bution in the dataset without considering the preference la-
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bel, which can be multi-modal to capture the fidelity of be-
haviors. In the second stage, we align the basic diffusion
policy to the preference data through Direct Preference Op-
timization (DPO) in a maximum entropy RL framework,
which directly updates the policy output to match the pref-
erence model. The two stages in FKPD are complementary
since the first stage learns the full distribution of actions, and
the second stage searches policy based on the full distribu-
tion and converges to more narrowly distributed actions that
align well with preferences. The basic policy learned in the
first stage provides multi-modal policy initialization and a
foundation for approximating the reverse process using the
forward process for preference optimization.

The remaining challenge of this work lies in formulating
the objective function for the alignment phase. To address
the intractable likelihoods of diffusion policies, we approx-
imate the optimization objective by sampling from the for-
ward chain of the diffusion model to derive a tractable objec-
tive for preference optimization. In addition, we employ the
forward KL regularization, which is more efficient for a dif-
fusion policy than the reverse KL regularization adopted in
most existing DPO literature (Rafailov et al. 2024b; Wallace
et al. 2023), to constrain the distance between the diffusion
policy and the behavior policy, thereby addressing the out-
of-distribution (OOD) issues in the alignment phase.

Our contribution can be summarized as follows. (i) We
provide a novel framework to learn diffusion policies di-
rectly from preference data without relying on rewards and
demonstrations. Specifically, we first propose a two-stage
process by first learning a basic policy and then performing
preference optimization on it. (ii) We propose the DPO ob-
jective for diffusion policies in the alignment phase which
is shown to be more efficient than most existing meth-
ods (Rafailov et al. 2024b; Wallace et al. 2023). Specifically,
we employ forward KL regularization in the alignment of
diffusion policies, which is shown to be more effective in ad-
dressing OOD issues. (iii) We conduct experiments on Meta-
World (Yu et al. 2020) and D4RL (Fu et al. 2020) tasks, and
the results show that FKPD exhibits superior alignment with
preferences and outperforms previous state-of-the-art meth-
ods.

Preliminaries
Preference-based Reinforcement Learning
We consider the general Preference-based Reinforcement
Learning (PBRL) problem within a reward-free Markov De-
cision Process (MDP) M/r = (S,A, p, γ) with state space
S , action space A, transition dynamics p(st+1|st, at) and
discount factor γ. The goal is to learn a policy π(a|s) that
maximizes an expert user’s reward. We are provided with
an offline dataset D resembling the setting of offline rein-
forcement learning, except that the dataset does not con-
tain reward information. Instead, we are also given a pref-
erence dataset Dpref = {(σ+

i ,σ
−
i )}ni=1 consisting of pairs

of segments sorted according to user preferences. Here
σ = (s1, a1, s2, a2, ..., sk, ak) is a length-k segment sam-
pled from D. We use σ+ ≻ σ− to indicate that σ+ is pre-
ferred to σ−. In the following sections, σ+ and σ− are re-

ferred to as “winning” and “losing” segments, respectively.

Diffusion Model for Decision-Making
Diffusion-based generative models (Ho, Jain, and Abbeel
2020) assume pθ(x0) :=

∫
pθ(x0:T )dx1:T , where

x1, ...,xT are latent variables of the same dimensional-
ity as the data x0 ∼ p(x0). A forward diffusion chain
gradually adds noise to the data x0 ∼ q(x0) in T
steps with a pre-defined variance schedule βt, expressed
as q(x1:T |x0) :=

∏T
t=1 q(xt|xt−1), where q(xt|xt−1) :=

N
(
xt;

√
1− βtxt−1, βtI

)
.

A reverse chain, constructed as pθ(x0:T ) :=

N (xT ;0, I)
∏T

t=1 pθ(xt−1|xt), is then optimized by
maximizing the evidence lower bound (ELBO) defined
as Eq

[
ln pθ(x0)

q(x1:T |x0)

]
. After training, sampling from the

diffusion model consists of sampling from xT and running
the reverse diffusion chain from t = T to t = 0. Dif-
fusion models can be extended to conditional generative
models by conditioning pθ(xt−1|xt, c). Since there are
two different types of timesteps in this work, one for the
diffusion process and one for the MDP, we use superscripts
to denote trajectory timesteps and subscripts to denote
diffusion timesteps. We denote the diffusion-base policy
via the reverse process of a conditional diffusion model as
πθ(a|s) = πθ(a0:T |s) = N (aT ;0, I)

∏T
t=1 πθ(at−1|at, s),

where the end sample of the reverse chain, a0, serves as
the action for RL tasks. When we use a diffusion policy
to fit the behavior policy on D (behavior clone), we adopt
the simplified objective proposed by Ho, Jain, and Abbeel
(2020)
LBC =

Et∼U1,(s,a)∼D

[ ∥∥ϵ− ϵθ(
√
ᾱta+

√
1− ᾱtϵ, s, t)

∥∥2 ],
(1)

where ϵ ∼ N (0, I), ᾱt is a scale factor defined in Ho, Jain,
and Abbeel (2020).

Method
The overall scheme of our method is illustrated in Fig. 1. We
first pre-train a basic diffusion policy via behavior cloning
from the preference-free dataset D, followed by aligning
this policy with the preference dataset Dpref . For the behav-
ior clone phase, we train a diffusion policy πθ by solving
max(s,a)∈D[log πθ(a|s)]. This is a standard process of train-
ing a diffusion policy that fits the behavior policy without re-
ward or preference conditions (Wang, Hunt, and Zhou 2023)
and will not be elaborated further. In terms of the alignment
of a diffusion policy, we utilize the DPO framework, elim-
inating the necessity for an explicit reward model extracted
from the preference dataset, thus bypassing the risk associ-
ated with an inaccurate reward model. In this section, we
first give the objective of the alignment phase, referred to
as LDPO−FK, for a general generative policy from the per-
spective of maximum entropy RL, where we introduce a for-
ward KL regularization to avoid the generation of OOD ac-
tions. Subsequently, we give a practical approximation of
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LDPO−FK for a diffusion policy. Moreover, we provide an
intuitive explanation of why forward KL regularization is
superior to another common regularization method, namely,
reverse KL regularizaion (Wallace et al. 2023).

DPO with Forward KL Regularization
For a general generative policy, a length-k segment σ =
(s1, a1, s2, a2, ..., sk, ak) can be regarded as generated from
a conditional generative model, where (a1, a2, ..., ak) acts
as the sample and (s1, s2, ..., sk) as the condition. Here, the
generative model is a stack of identical generative policies
πθ(a|s). In order to generate a segment of actions, we par-
allelize a stack of individual basic generative policies. With-
out ambiguity, we still denote the generative model pro-
ducing a segment σ as the generative policy πθ. Moreover,
we omit (s1, s2, ..., sk) in a segment and denote πθ(σ) =∏k

i=1 πθ(a
i|si) for brevity.

During the alignment phase, we aim to optimize πθ such
that the preference score of a generated segment σ is maxi-
mized. At the same time, we also need to control πθ to pre-
vent it from deviating too far from the behavior policy, in
order to avoid OOD issues. To this end, we use the follow-
ing objective during the alignment phase:

max
πθ

Eσ∼πθ
[r(σ)]︸ ︷︷ ︸

reward maximization

−µDKL [πref ∥ πθ]︸ ︷︷ ︸
forward KL

, (2)

where r(·) is a latent score function modeling human pref-
erence, πref is the policy obtained from the behavior cloning
phase serving as a precise approximation of the behavior
policy and µ is a balance factor. Here we use a forward
KL regularization to control πθ during the alignment phase.
However, most existing work (Wallace et al. 2023; Rafailov
et al. 2024b) employs a reverse KL regularization, where
they use an objective as

max
πθ

Eσ∼πθ
[r(σ)]︸ ︷︷ ︸

reward maximization

−µDKL [πθ ∥ πref ]︸ ︷︷ ︸
reverse KL

. (3)

Recent studies indicate that reverse KL and forward KL reg-
ularization possess distinct characteristics, with reverse KL
exhibiting mode-seeking behavior and forward KL demon-
strating mass-covering tendencies (Sun and van der Schaar
2024). Furthermore, forward KL has been shown to bet-
ter balance alignment performance and generation diver-
sity (Wang et al. 2024). In this paper, we will reveal an-
other significant advantage of forward KL regularization in
the alignment of diffusion policies: its superior effectiveness
in avoiding OOD issues, which will be explained in subse-
quent sections.

To optimize Eq. (2) directly using preference data, we
handle two terms in Eq. (2) separately. For the forward KL
regularization term, we simplify it as

DKL [πref ∥ πθ]

= Eσ∼πref
[log πref(σ)]− Eσ∼πref

[log πθ(σ)]

≈ Eσ∼πref
[log πref(σ)]︸ ︷︷ ︸

constant

−Eσ∼D [log πθ(σ)] .
(4)

The forward KL regularization is divided into the entropy
of πref , which is a constant, and the cross entropy of πref

and πθ. To compute the cross-entropy term, we can sample
σ from D instead of from πref , as πref serves as a precious
approximation of behavior policy.

In terms of the reward maximization term in Eq. (2),
we consider πθ from the perspective of maximum entropy
RL (Haarnoja et al. 2018), leading to the following problem:

max
πθ

Eσ∼πθ
[r(σ)− ρ log πθ(σ)] , (5)

where r(·) is a latent score function modeling human pref-
erence, and ρ is a temperature parameter. This problem has
a closed-form solution (see Appendix 1.1 for details), given
by

π∗
θ(σ) =

1

Z
exp

(
r(σ)

ρ

)
, (6)

where Z is a normalization constant. In other words, the un-
known score function r can be expressed by the optimal gen-
erative policy as r(σ) = ρ log(π∗

θ(σ)) + ρ log(Z). Accord-
ing to Bradley-Terry model (Bradley and Terry 1952), the
human preference model on Dpref is written as

P (σ+ ≻ σ−) = Sigmoid(r(σ+)− r(σ−))

= Sigmoid
(
ρ log π∗

θ(σ
+)− ρ log π∗

θ(σ
−)

)
.

(7)
Then we can derive the DPO objective for a maximum
entropy generative policy employing the principle of con-
trastive learning, i.e., minimize the cross-entropy loss of the
preference model Eq. (7) on Dpref, which is written as

LDPO(πθ,Dpref) = E(σ+,σ−)∼Dpref

− Logsigmoid
(
ρ
(
log πθ(σ

+)− log πθ(σ
−)

))
.

(8)

In the following sections, we denote Logsigmoid(ρ(·)) as
F(·) for the sake of brevity. Next, we combine the above
derivations together and obtain the following objective for
the alignment phase:

LDPO−FK(πθ,Dpref) =

LDPO(πθ,Dpref)− µEσ∈D log πθ(σ).
(9)

Practical Approximation for Diffusion Policy
It is fairly hard to calculate Eq. (9) for a diffusion policy.
We will next give a practical approximation. In fact, we only
need to tackle the first term since the regularization term is
bounded by its ELBO (Ho, Jain, and Abbeel 2020). How-
ever, the first term cannot be simplified by the same tech-
nique since the signs of the first likelihood term and the sec-
ond one in Eq. (8) are opposite. To tackle this issue, we in-
troduce all latent variables σ1,σ2, ...,σT in the reverse pro-
cess similar to Wallace et al. (2023). By defining the score
function on the whole reverse chain as R(σ0:T ), then the
original score function r can be calculated by marginalizing
out all latent variables as

r(σ0) = Eσ1:T∼πθ(σ1:T |σ0) [R(σ0:T )] . (10)
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Figure 1: Overall scheme of FKPD: FKPD comprises two phases: the behavior cloning phase and the alignment phase. In the
behavior clone phase, FKPD fits a diffusion policy to a preference-free dataset D. Subsequently, in the alignment phase, FKPD
employs a direct preference optimization method to align the diffusion policy with a preference dataset Dpref . Throughout this
process, the diffusion policy is required to maintain a forward KL distance with respect to the distribution of Dpref

Then we perform the same process as in Eqs. (5)-(8), yield-
ing the DPO objective for a diffusion policy as (see Ap-
pendix 1.2 for details),

LDPODiff(πθ,Dpref) =EDpref

[
− F

(
Eσ+

1:T∼πθ(σ
+
1:T|σ+

0 )

log πθ(σ
+
0:T )− Eσ−

1:T∼πθ(σ
−
1:T |σ−

0 ) log πθ(σ
−
0:T )

)]
.

(11)
Now, it is also challenging to optimize Eq. (11) directly, as
it needs to take an expectation over the whole reverse pro-
cess, which is hard to track. To tackle this issue, we use the
forward process q(σ1:T |σ0) to approximate the reverse pro-
cess, yielding the following objective:

LDPODiff(πθ,Dpref) ≈ L1(πθ,Dpref) ≜

E(σ+,σ−)∼Dpref

[
−F

(
Eσ+

1:T∼q(σ+
1:T |σ+

0 ) log πθ(σ
+
0:T )

−Eσ−
1:T∼q(σ−

1:T |σ−
0 ) log πθ(σ

−
0:T

)]
.

(12)
This approximation makes sense for the following two con-
siderations: on the one hand, πθ has been trained to con-
vergence on D, indicating a close approximation between
the backward and forward processes; on the other hand, the
forward KL regularization constrains πθ from deviating ex-
cessively from the pre-trained policy during the alignment
phase.

For further simplification, we decompose the reverse pro-
cess in Eq. (12) as πθ(σ) = πθ(σT )

∏T
t=1 πθ(σt−1|σt),

and utilize Jensen’s inequality and the convexity of Logsig-
moid to take the expectation over σ+

t and σ−
t out of Logsig-

moid, and employ Gaussian reparameterization for further

simplification, yielding the following bound of Eq. (12) (Ap-
pendix 1.3), as

L1(πθ,Dpref) ≤ L2(πθ,Dpref) ≜

− E(σ+,σ−)∼Dpref
Et∼U(1,T ),ϵ+t ,ϵ−t ∼N (0,I)

F
(
−T

(∥∥ϵ+t − ϵθ(σ
+
t , t)

∥∥2 − ∥∥ϵ−t − ϵθ(σ
−
t , t)

∥∥2)) ,

(13)
where σt =

√
ᾱtσ0 +

√
1− ᾱtϵ. It is obvious that the con-

stant T can be factored into ρ. We next substitute Eq. (13)
into Eq. (9) and bound the regularization term in Eq. (9) us-
ing its ELBO, resulting in the complete objective:

LDPODiffFK(πθ,Dpref)=L2(πθ,Dpref)

+ µEσ∈DEt∼U(1,T ),ϵt∼N (0,I)

(
∥ϵt − ϵθ(σt, t)∥2

)
.

(14)

Finally, we move the second term of Eq. (14) into Logsig-
moid, leading to our final loss for the alignment phase:

LFKPD = −E(σ+,σ−)∼Dpref
Et∼U(1,T ),ϵ+t ,ϵ−t ∼N (0,I)

Sigmoid

−ρ

∥∥ϵ+t − ϵθ(σ
+
t , t)

∥∥2− ∥∥ϵ−t − ϵθ(σ
−
t , t)

∥∥2︸ ︷︷ ︸
preference

+µEσ∈DEϵt∼N (0,I) ∥ϵt − ϵθ(σt, t)∥2 − b︸ ︷︷ ︸
regularization


 ,

(15)
where b is a constant bias term to ensure the Sigmoid func-
tion operates within its linear regime. It should be noted that
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we perform the final merge solely to facilitate the finding
of the hyperparameter µ since the preference term and the
regularization term operate at the same scale. In practice,
the regularization term can be constrained in a small regime
around zero, which will not compromise the accuracy of the
Bradley-Terry preference model.

Now we can provide an intuitive explanation of how
LFKDP aligns the pretrained behavior clone policy with
Dpref. We first define Eσ,t ∥ϵt − ϵθ(σt, t)∥2 as the Denois-
ing Mean Square Error, abbreviated as D-MSE. A smaller
D-MSE for a segment implies a higher likelihood that the
diffusion policy will generate that segment. There are two
terms inside the Logsigmoid function: the preference term
describes the discrepancy in the D-MSE for the winning seg-
ment relative to the losing segment, and the regularization
term represents the average D-MSE for dataset D. Since the
Sigmoid function is monotonic, minimizing Eq. (15) implies
minimizing the sum of preference term and regularization
term. As a result, objective Eq. (15) guides πθ in a direc-
tion that increases the difference between the D-MSE of los-
ing segments and that of the winning segments, while main-
taining the overall D-MSE for both winning and losing seg-
ments. This is equivalent to increasing the likelihood of win-
ning segments relative to the likelihood of losing segments
while holding the likelihood of the whole dataset, which is
exactly the goal of alignment phase.

Advantage over Reverse KL Regularization
In fact, Wallace et al. (2023) use the objective Eq. (3), which
employs reverse KL regularization to address OOD issues.
They provide a different alignment loss as

LDPORK ≈ −E(σ+,σ−)∼Dpref
Et∼U(1,T ),ϵ+t ,ϵ−t ∼N (0,I)

Sigmoid

−ρ

∥∥ϵ+t − ϵθ(σ
+
t , t)

∥∥2− ∥∥ϵ−t − ϵθ(σ
−
t , t)

∥∥2︸ ︷︷ ︸
preference

−
∥∥ϵ+t − ϵref(σ

+
t , t)

∥∥2 − ∥∥ϵ−t − ϵref(σ
−
t , t)

∥∥2︸ ︷︷ ︸
regularization


 .

(16)
We can see that Eq. (16) contains the same preference term
but a different regularization term. This regularization term
does not involve trainable policy parameters πθ. It acts more
like introducing a bias within the nonlinear Sigmoid func-
tion, rather than directly controlling the D-MSE of πθ across
the entire dataset as Eq. (15). Therefore, Eq. (16) might
guide πθ in an incorrect direction, where the D-MSE of win-
ning segments is significantly lower than that of losing seg-
ments, while the overall D-MSE of both winning and los-
ing segments increases. In other words, the likelihood of all
segments may decrease, even though the winning segments
have a higher likelihood than the losing segments. This leads
to the resulting πθ suffering from OOD issues.

We also provide a toy model to intuitively demonstrate
the distinction between reverse KL and forward KL regular-
ization during the alignment process of diffusion policy. As
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Figure 2: Samples generated by a toy diffusion model. The
left sub-figure displays samples generated by the initial
model. The middle and right sub-figures show samples gen-
erated by the aligned models with forward and reverse KL
regularization, respectively.

shown in Fig. 2, the initial diffusion policy (left) is trained on
a dataset following a two-dimensional mixture Gaussian dis-
tribution. The centers and radii of blue circles represent the
mean and standard deviation of Gaussian components. The
reward is defined as the dot product between a sample and
the vector (1, 1)/

√
2. We then build preference dataset using

the script teacher (Kim et al. 2023), and align the initial pol-
icy with the preference dataset using forward KL and reverse
KL regularization, respectively. The samples generated by
the two aligned models are shown in the middle and right
sub-figures of Fig. 2. It is evident that the diffusion model
aligned with reverse KL regularization generates a signifi-
cant number of OOD samples, despite these samples hav-
ing fairly high reward values. In contrast, the model aligned
with forward KL regularization tends to produce samples
with relatively high reward values, with most samples not
exhibiting OOD issues. In conclusion, forward KL regular-
ization is more effective in avoiding OOD issues during the
alignment process of diffusion models.

Related Work
Diffusion Model for Decision Making. Diffusion model
is a kind of generative model that exhibits strong capabili-
ties in generating high-dimensional samples (Song, Meng,
and Ermon 2020; Lu et al. 2022), e.g., images and text
(Kawar et al. 2023; Chen et al. 2023). Diffusion mod-
els have been recently adopted in RL to solve various
decision-making problems (Zhu et al. 2023). Diffuser (Jan-
ner et al. 2022) first proposes to generate state-action tra-
jectories via classifier-guided sampling. Decision-Diffusion
(Ajay et al. 2023), MTDiff (He et al. 2023), MetaDiffuser
(Ni et al. 2023) and SkillDiffuser (Liang et al. 2024) ex-
tend such a framework by using various properties of tra-
jectories for classifier-free guidance, such as task prompts,
demonstrations, constraints, skills, representations, and at-
tributes. Other works like Diffusion-QL (Wang, Hunt, and
Zhou 2023), EDP (Kang et al. 2023), and IDQL (Hansen-
Estruch et al. 2023) treat the conditional diffusion model as a
policy and update the policy to maximize the value function.
However, the above methods require manually designed re-
ward functions for conditional generation, and learned pol-
icy cannot be aligned to preferences. For imitation learn-
ing, Diffusion Policy (Chi et al. 2023), VLP (Du et al.
2024), and UniPi (Du et al. 2023) predict future states or
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actions based on expert demonstrations. AlignDiff (Dong
et al. 2024) tries to align the diffusion model with prefer-
ences by first training an attribute strength model and then
performing conditional generation for diffusion models. In
contrast, we take an alternative way for preference align-
ment via policy optimization without requiring an attribute
model for trajectory labeling. Other works also adopt the
diffusion model as a data synthesizer (Lu, Ball, and Parker-
Holder 2023), environment model (Yang et al. 2024), and
reward generator (Nuti, Franzmeyer, and Henriques 2023)
for decision-making, while their contributions are orthogo-
nal to our work.

RLHF and Preference-based RL. RLHF has gained
much attention in aligning LLMs with human preference
(Ouyang et al. 2022; Bai et al. 2022). RLHF usually con-
tains two stages that learn a reward function first (Bradley
and Terry 1952; Lambert et al. 2024) and optimize the LLMs
via RL algorithms (Li et al. 2023; Ahmadian et al. 2024).
Following this paradigm, Preference-based RL tries to align
the policy output with preference data in decision-making
problems by first learning the reward function through a BT
model (Kim et al. 2023; Lee et al. 2021) and performing
policy optimization through RL (Liu et al. 2022). Recently,
direct preference learning (DPO) (Rafailov et al. 2024b)
and the follow-up works (Rafailov et al. 2024a; Wang et al.
2024) proposed a novel perspective that implicitly optimizes
the same objective as RLHF via a KL-constrained reward
maximization framework, which forms an implicit reward
function. Following this, DPPO (An et al. 2023) and Con-
trastive Preference Learning (CPL) (Hejna et al. 2023) ex-
tend direct preference learning to solve preference-based
RL problems via contrastive learning of policy likelihoods
or distances. Compared to these methods, we use an ad-
vanced diffusion model to enhance the expression ability of
policies, while it causes further challenges in a DPO opti-
mization, and we solve it via an approximate objective and
additional regularization. The idea of preference alignment
has recently been used for diffusion models to improve vi-
sual appeal and text alignment in image generation problems
through two-stage RLHF (Black et al. 2023; Fan et al. 2023)
and DPO (Clark et al. 2023; Wallace et al. 2023; Yang et al.
2023). In contrast, our method focuses on learning diffu-
sion policy through RLHF and proposes the first DPO-based
learning framework that learns policies directly from prefer-
ences without RL. Regularization methods, particularly re-
verse KL and forward KL, have been widely discussed in
the alignment of LLM (Sun and van der Schaar 2024). Re-
verse KL and forward KL are known for their mode-seeking
and mass-covering characteristics, respectively (Wang et al.
2024). Moreover, forward KL is better suited for balancing
alignment performance and generation diversity. In this pa-
per, we highlight another significant advantage of forward
KL in the alignment of diffusion policies, namely its en-
hanced effectiveness in avoiding OOD issues.

Experiments
In this section, we carry out extensive experiments to an-
swer the following three questions. Q1: Is FKPD an effective

solver for the PBRL problem? Q2: Is forward KL regulariza-
tion crucial to FKPD, and is it more effective than reverse
KL regularization? Q3: How does FKPD perform under dif-
ferent hyperparameter settings? (Please refer to Appendix
2.1)

We evaluate the performance of FKPD on two well-
known benchmarks: MetaWorld robotics tasks (Yu et al.
2020) and D4RL locomotion (Fu et al. 2020) tasks. The
first benchmark uses the same offline dataset as Contrastive
Preference Learning (CPL) (Hejna et al. 2023). This dataset
is collected on six tasks from the simulated MetaWorld
robotics environment (Yu et al. 2020). For each task, the
preference-free dataset is collected by rolling out 2500
episodes of length 250 with a sub-optimal stochastic pol-
icy. The preference dataset is collected by uniformly sam-
pling segments of length 64 from the preference-free dataset
and adding preference labels using script teacher (Kim et al.
2023). In terms of the D4RL benchmark, we generate the
preference dataset from the original dataset using the same
procedure as (Hejna et al. 2023). For further details about
the dataset, please refer to Appendix 3.1.

For baseline methods, we choose three strong baselines.
The first baseline is supervised fine-tuning (SFT) (Lee et al.
2018), where a policy is first trained with behavior clone
on all segments in Dpref , then further fine-tuned on only
the winning segments in Dpref . The second baseline is
Preference-IQL (P-IQL) (Kim et al. 2023), which learns a
preference model from Dpref , then learns a policy to maxi-
mize it with Implicit Q-learning (IQL) (Kostrikov, Nair, and
Levine 2022), an efficient offline RL algorithm. The third
one is CPL, a state-of-the-art baseline that also uses DPO
for the alignment phase while employs only a basic Gaus-
sian policy.

SFT P-IQL CPL FKPD

2.
5k

D
en

se

BinPicking 66.9±2.1 70.6±4.1 80.0±2.5 77.0±3.6
ButtonPress 21.6±1.6 16.2±5.4 24.5±2.1 34.7±2.1
DoorOpen 63.3±1.9 69.0±6.2 80.0±6.8 87.7±1.2

DrawerOpen 62.6±2.4 71.1±2.3 83.6±1.6 90.0±2.7
PlateSlide 41.6±3.5 49.6±3.4 61.1±3.0 58.3±1.2
SweepInto 51.9±2.1 60.6±3.6 70.4±3.0 76.5±3.5

20
k

Sp
ar

se

BinPicking 67.0±4.9 75.0±3.3 83.2±3.5 76.3±1.5
ButtonPress 21.4±2.7 19.5±1.8 29.8±1.8 33.3±4.5
DoorOpen 63.6±2.4 79.0±6.6 77.9±5.0 84.3±2.1

DrawerOpen 63.5±0.9 76.2±2.8 79.1±5.0 91.3±2.3
PlateSlide 41.9±3.1 55.5±4.2 56.4±3.9 66.3±7.4
SweepInto 50.9±3.2 73.4±4.2 81.2±1.6 76.3±2.1

Table 1: Success rates (in percent) of all methods for six
MetaWorld tasks on different datasets. Here 2.5k Dense and
20k sparse represent two different preference datasets, with
detailed explanations provided in Appendix 3.1.

Performance of FKPD
The results of FKPD and competitors for MetaWorld are
presented in Table 1. The architecture of the policy network,
along with evaluation details and hyperparameter settings,
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SFT P-IQL CPL FKPD
ex

pe
rt walk2d 82.9±8.5 109.8±0.4 107.9±0.2 107.8±0.2

hopper 48.3±5.0 84.5±4.1 64.5±6.9 80.5±3.4
halfche 68.5±4.7 83.6±3.8 90.9±2.3 94.7±0.3

re
pl

ay walk2d 33.9±7.1 71.2±10.3 48.3±3.7 69.3±3.8
hopper 57.6±5.6 68.9±33.8 111.2±0.2 100.7±1.6
halfche 34.8±1.8 42.3±0.5 45.3±0.1 45.5±0.2

Table 2: Average norm score of all methods for D4RL loco-
motion tasks on different datasets.

are provided in Appendix 3-4. When we use the dense com-
parison data, FKPD achieves the best performance in 4 of 6
tasks. Especially in Button Press, Door Open, and Drawer
Open, FKPD has significant advantages over its competi-
tors. When using sparser comparison data, FKPD also out-
performs its competitors in 4 of 6 tasks, with a substantial
margin in Button Press, Door open and Drawer Open. In
conclusion, FKPD is the method with the best overall perfor-
mance in this dataset. Compared to SFT, FKPD makes more
effective use of the information in Dpref , leading to better
performance. Compared with P-IQL, FKPD directly opti-
mizes the policy using preference data, without learning an
explicit preference score function. This eliminates the risk
associated with uncertain score functions. Compared with
CPL, FKPD adopts a more expressive diffusion policy, mak-
ing it more suitable for complex manipulation tasks.

The results of FKPD and competitors for D4RL are
demonstrated in Table 2. For this benchmark, we also use
a critic as (Wang, Hunt, and Zhou 2023), which is directly
learned from the preference dataset (Hejna and Sadigh 2024)
without the need of a reward model, to filter out sub-optimal
candidate actions. We observe that the proposed FKPD out-
performs CPL in 5 out of 6 D4RL locomotion tasks, further
demonstrating the advantages of employing a diffusion strat-
egy. Additionally, it achieves competitive performance with
the two-stage P-IQL without the need of training an explicit
reward model. In a word, FKPD is an effective solver for
D4RL locomotion tasks.

Ablation of Regularization
We next provide a detailed comparison of two aforemen-
tioned regularization methods: forward KL and reverse
KL regularization. To this end, we compare FKPD and
Reverse KL regularized for aligning Diffusion Policies
(RKPD) (Wallace et al. 2023) on three representative Meta-
World (20k sparse) tasks, namely, Door Open, Drawer Open
and Button Press; as well as three representative D4RL lo-
comotion tasks, namely, Walker2d-medium-replay, hopper-
medium-replay and halfcheetah-medium-replay. Moreover,
we also provide the results of DPO without regularization
(referred to as NRPD) for reference. Here we use a novel
metric to evaluate the performance of the alignment phase
for these three methods. For each method, we record the pol-
icy’s average success rate (or average return for D4RL tasks)
on a task as U0 at the beginning of the alignment phase. Af-
ter the alignment phase, we evaluate its average success rate

FKPD RKPD NRPD
Door Open 40.0±3.5 21.7±8.8 -42.1±25.6

Drawer Open 47.2±3.7 6.9±3.4 -73.7±24.5
Button Press 58.6±21.6 60.9±21.0 -100.0±0.0

Walk2d-med-rep 75.4±5.0 -88.7±11.9 -95.1±6.8
hopper-med-rep 64.8±12.5 -33.9±17.9 -98.4±1.0
halfche-med-rep 14.9±1.2 -45.3±54.3 -100.6±9.4

Table 3: Average improvement factor (in percentage) of
three DPO methods on six MetaWorld and D4RL tasks.

(or average return) again, recorded as U1. Then, we define
the improvement factor as Fim = (U1 −U0)/U0. All results
are present in Table 3.

For three MetaWorld tasks, we observe that NRPD ex-
hibits the worst performance among the three tasks, es-
pecially in Button Press, where it completely fails. This
demonstrates the importance of regularization terms in
diffusion policy learning. In addition, FKPD outperforms
RKPD in the Door Open and Drawer Open tasks, performs
slightly worse in the Button Press task, and overall demon-
strates better performance. For three D4RL tasks, We ob-
serve that FKPD demonstrates a more pronounced advan-
tage. At this point, RKPD and NRPD can not even enhance
policy performance during the alignment phase. This im-
plies that regularization is is of greater importance in D4RL
tasks.

Next we conduct an in-depth analysis of why forward KL
regularization outperforms reverse KL regularization for the
aligning of diffusion policy. To this end, we track three vari-
ables in the process of alignment. The first two variables are
average D-MSE of winning segments and losing segments,
abbreviated as Ewinning and Elosing, respectively.

They are capable of measuring the variation in the likeli-
hood of winning segments and losing segments during the
alignment process of diffusion policy. The third variable is
implicit accuracy, which is written as

Iacc =

1

B

∑
σ+σ−∈Bpref

I
(∥∥ϵ+t−ϵθ(σ+

t , t)
∥∥2− ∥∥ϵ−t − ϵθ(σ

−
t , t)

∥∥2< 0
)
,

(17)
where I is the indicator function, Bpref is a batch of segments
with preference labels, B is the size of Bpref . Iacc represents
the estimated probability that the likelihood of πθ generat-
ing wining segments is greater than that of generating losing
segments. Fig. 3 illustrates these three variables for FKPD,
RKPD, and NRPD in Drawer Open and Walker2d-medium-
replay. We also provide these variables of the pre-trained
policy from the behavior clone phase for reference. We start
with NRPD. Although it ensures that the likelihood of gen-
erating winning segments increases relative to the likelihood
of generating losing segments (as indicated by Iacc values)
during training, the Ewinning and Elosing values reveal that
the likelihood of both positive and negative segments de-
creases significantly. This suggests that the NRPD method
suffers from a severe OOD issue. FKPD, while ensuring an
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increased likelihood of generating positive segments relative
to negative segments, also effectively maintains the values
of Ewinning and Elosing without significant increases. This
allows it to preserve the overall likelihood of both positive
and negative segments, thereby addressing the OOD issue
present in NRPD. RKPD, similar to NRPD, significantly in-
creases the likelihood of positive segments relative to nega-
tive segments. However, the likelihood for both the positive
and negative segments decreases noticeably compared to the
reference values. Thus, it fails to address the OOD challenge
as effectively as the FKPD.
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Figure 3: Average D-MSE and implicit accuracy for FKPD,
NKPD, and NRPD during the alignment phase of Drawer
Open (bottom row) and Walker2d-medium-replay (top row).
We also provide the same variables of the pretrained policy
on the preference-free dataset D for reference.

Conclusions
In this paper, we propose FKPD, a method to align a diffu-
sion policy with preference data. To tackle the OOD issue
during the alignment phase, we employ the forward KL reg-
ularization, which demonstrates superior performance com-
pared to the reverse KL regularization in the experiments.
FKPD achieves the sate-of-the-art performance on open
MetaWorld and D4RL locomotion tasks, indicating that it
is an efficient preference aligning method. Currently, we
have only validated the effectiveness of FKPD for single-
modal observations, that is, the joint states of embodiment,
and single-task scenarios. In future work, we aim to extend
FKPD to encompass multi-task and multi-modal data. More-
over, other efficient regularization methods, such as those
proposed in (Huang et al. 2024; Cen et al. 2024), have been
introduced for aligning LLMs. In our future work, we plan to
analyze the performance of these new regularization meth-
ods for aligning diffusion policies.
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